Options for satellite monitoring of deforestation rates over large areas include the use of sampling. Sampling may reduce the cost of monitoring but is also a source of error in estimates of areas and rates. A common sampling approach is systematic sampling, in which sample units of a constant size are distributed in some regular manner, such as a grid. The proposed approach for the 2010 Forest Resources Assessment (FRA) of the UN Food and Agriculture Organization (FAO) is a systematic sample of 10 km wide squares at every 1
Introduction

Deforestation monitoring
Deforestation, especially tropical deforestation, threatens countless species with extinction and is a major source of anthropogenic greenhouse gas (GHG) emissions (Mittermeier et al 2004 , IPCC 2007 , Mollicone et al 2007 . Biodiversity and climate change scientists for years have expressed the need for 1 Author to whom any correspondence should be addressed. accurate monitoring of regional and global tropical deforestation. Increases in conservation investment, a growing carbonexchange market and international conventions (e.g. CoP 2004) accentuate the need for such monitoring. The decision by the UN Framework Convention for Climate Change to include credits for reduced deforestation requires countries to precisely monitor deforestation in order to prepare reference scenarios and monitor GHG emissions (UNFCCC 2008) . Furthermore, most national applications require sub-national stratification of deforestation rates, such as by forest type. In contrast, more-frequent assessments at the continental to global level are valuable for independent assessments of progress in reducing deforestation rates.
Accurate and repeated estimates of tropical deforestation at the national level have been technically possible for over 30 years, since the launch of the first Landsat. The spectral images delivered by the Landsat sensors cover all tropical land and clearly reveal forest versus non-forest land cover. The data resolution of 28.5 m is fine enough to detect a 1 hectare patch of forest or clearing. Data from newer satellites provide more options; however, they are either very expensive, such as those from the Système Probatoire de l'Observation de la Tierre (SPOT), or do not yet have a thorough historical archive, such as those from the China Brazil Earth Resource Satellite (CBERS), the Indian Resource Satellite (IRS) and the Advanced Land Observing Sensor (ALOS).
Some national agencies have conducted baseline maps of deforestation using Landsat or similar data for at least large portions of their territory (e.g. INAB 2008 , NRSA 2008 , UMSEF 2008 . A number of other national or regional maps of deforestation have been created by NGOs and academia (e.g. Skole and Tucker 1993 , Hansen et al 2006 , Killeen et al 2007 , Buchanan et al 2007 , Christie et al 2007 . In all of these examples, spatially explicit maps of forest cover and deforestation have been produced based on the analysis of full coverage of Landsat data.
Examples of sampling
Sampling is an alternative and potentially cost-saving approach to monitoring national and continental rates of deforestation. It is a particularly important option in the tropics because of disproportionate GHG emissions and dynamic temporal trends that require frequent monitoring. However, the sample size, i.e. the number of samples, and the sampling rate, i.e. the proportion of the area sampled, must be large enough to produce a low sampling error. There may be trade-offs between sampling rate or size and both the cost of analysis and classification error. This is certainly so for methods that require more user interaction, such as digitization or labeling of small clusters of image data, but less so for more automated approaches, such as supervised classification of images that cover large areas.
A wide range of sampling rates is possible, as well as schemes for how to distribute sample units. A systematic sample is a set of sample units distributed with a regular pattern, such as a grid (e.g. Duveiller et al 2008) . The rate of change calculated from the sample, in units of per cent per year, is assumed to represent that for the entire study area. The rate of change in absolute units is extrapolated to the total study area by dividing by the sampling rate.
The Forest Resources Assessment (FRA) 2000 of the UN Food and Agricultural Organization (FAO) included a sample-based assessment of continental deforestation rates, as an independent complement to national reporting by member countries (FAO 2000) . The sample was not a systematic sample, but a random selection of 117 Landsat tiles, each 180 km wide, and quarter-tiles. The sampling rate was 10%. The European Union's Joint Research Committee (JRC) conducted another random-sample study of the global humid tropics, with a sampling rate of 6.5% composed of entire and quarter Landsat tiles (Achard et al 2002) . For the FRA 2010, the FAO proposes a remote sensing survey of deforestation that is independent of national reporting. This would be a systematic sample of 10 km wide squares centered at every 1
• intersection (FAO 2006 , Achard et al 2007 . The goal is to have valid estimates at the continental level only, not at the national level.
Estimation of sampling error
Studies to date have mostly estimated sampling errors either by calculating the standard error or by estimating actual errors by comparing the sampled-based rate to the rate derived from a full-coverage map. In a study of deforestation in the Democratic Republic of Congo that used a sampling scheme of 10 km wide squares at every 0.5
• intersection (a 3.3% sampling rate), Duveiller et al (2008) estimated a standard error of 24%.
As part of the USGS land cover change monitoring program, Stehman et al (2003) thoroughly describe the estimation of sampling errors and provide examples for the estimation of forest change rates in two US ecoregions. Using a random sample of 20 km wide squares, with an 8% sampling rate in the first area and a 1% sampling rate in the second, the authors estimated sampling errors of 31% and over 300%, respectively.
A third study used 500 m data from the moderate resolution imaging spectrometer (MODIS) to stratify the global humid tropics into regions of low, medium and high rates of change (Hansen et al 2008) . Within each strata, 20 km wide squares of Landsat data were randomly selected for more precise change detection. This study had a sample rate of 0.2% and estimated standard errors of 0.10-0.25 at the continental level.
In contrast to these studies, another study estimated sampling errors by calculating the actual errors of varying sampling schemes (Tucker and Townshend 2000) . In this case, national, full-coverage maps of deforestation were available, and rates from these maps were assumed to be correct. Random samples of entire Landsat scenes were produced, and varying sampling rates were tested by comparing the deforestation rates of the samples with those from the full-coverage data. The study included five countries in the non-Brazilian Amazon. The authors found that sampling rates of over 70% were needed to produce a sampling error of less than 20%. The study did not test the use of smaller sample units nor estimate errors at the continental level. Czaplewski (2003) simulated continents of varying sizes by replicating the Bolivia data from the previous study. He showed that for a given sampling rate, e.g. 10%, sampling errors will be less for larger regions simply because of the larger sample, and concluded that much smaller sampling rates should produce valid estimates at the continental scale, yet invalid ones at the national scale. This indicates the importance of the sample size. It is also expected that sampling errors should be lower at the national level if a larger number of smaller sample units was used.
While these studies give an indication of sampling errors in deforestation estimates, none have examined the effects of varying sampling rates and sampling-unit sizes over small to large regions. This paper reports a test of these effects for systematic sampling, including estimates of sampling rates needed to obtain sampling errors of less than 10% in deforestation rates at the national, sub-national and continental levels. The tests were conducted for the entire forested areas of Bolivia, Colombia, Ecuador, Peru and Venezuela, and the legal Amazon of Brazil. We then conducted the same tests for the Brazilian Amazon as a whole, the non-Brazilian countries as a whole and the entire study area to represent continentallevel estimates. We estimated sampling errors by calculating the standard error as well as the actual error of each sampling scheme.
Methods
We used existing digital maps of deforestation in the six countries in this study (INPE 2008 , Killeen et al 2007 , Harper et al 2009 . Among these countries are frontiers of slow to rapid deforestation, including forest clearing for subsistence agriculture, plantations, mechanized agriculture and extensive grazing. The Brazilian data are for deforestation from 1997 to 2004 in the legal Amazon. The other countries are for deforestation from circa 1990 to circa 2000 in the entire country. Less than 7% of the study area is obscured by clouds in the satellite data. Forest cover and change was mapped at full resolution, 28.5 m, and the resulting maps are filtered to a minimum-mapping unit of 0.3 hectares in Brazil and 2 hectares for the remaining countries. While these data come from three independent studies, two of them, Bolivia and the rest of the Andean countries, were done in coordination. Also, all studies use the same source data, Landsat images, and report precise patterns of deforestation with minimum-mapping units of 2 hectares or less. Along country borders we found no evidence of significant inconsistencies in interpretation.
Deforestation rates were calculated as the change area divided by the original forest area not obscured by clouds on either date. Yearly rates were calculated based on the average number of years between epochs. Deforestation rates varied from 0.1% per year in Peru to 0.3% per year in Ecuador to 0.9% per year in the Brazilian Amazon. Aggregated deforestation rates were 0.2% per year for the non-Brazilian countries and 0.4% per year for the entire Amazon-Andes region. For each sampling scheme tested, the sampling unit was a square with a specified width. First we tested a sample of 10 km wide units centered at every one-by-one degree intersection, a 0.8% sampling rate (figure 1). This is the scheme planned for the FAOs FRA 2010. We then varied the sampling rate from 0.2% to 13.4% by varying the frequency of these units from 2
• to 0.25
• . Next we tested the effect of increasing the sampling rate from 0.2% to 20.6% by maintaining the frequency and varying the sample-unit width from 5 to 50 km.
We estimated sampling errors by calculating both the 95% confidence intervals (CI) and the actual errors. Standard errors were calculated from the mean, variance and covariance of each sample, following the probability-sampling approach in Stehman et al (2003) . In this approach, the standard error formula for random samples is applied to the data from the systematic sample. There is no unbiased estimator of sampling error for systematic samples and the standard error is often used as an approximation of the sampling error of estimates based on systematic samples (Särndal et al 1992) . We then calculated the 95% CIs from these standard errors and the sample size. Actual errors were calculated as the difference between the sample-based estimate and the estimate derived from the full-coverage map. We report both types of error in per cent of the full-coverage estimate, i.e. we report the relative standard error and the relative actual error. We include both types of error estimates since it is rare that full data are available to provide estimates of actual errors and to provide an indication of how well the standard error approximates the actual error for systematic samples.
We also tested errors for estimates at the sub-national level, i.e. states. An aggregate test was done for the nonBrazilian countries to represent a large, sub-continental region with a moderate deforestation rate, and another for the Brazilian Amazon alone to represent a large region with a high rate. Finally, all six countries combined to compare errors at the continental level.
Results
Both the CIs and actual errors in estimates of deforestation rates declined with increasing sampling rate. Schemes with smaller sampling units but larger sample sizes were more efficient than those with larger sampling units and smaller sample sizes (figure 2). While the overall trends for the CIs and actual errors were similar, actual errors were less than standard errors in all but two cases.
At the national level, for all countries other than Brazil, the CIs were as large as 197%, and the actual errors were as large as 98%. Increasing the sample-unit width to 50 km reduced the CIs to as large as 87% and the actual errors to as large as 25% for non-Brazilian countries. Increasing the frequency of 10 km wide sample units to a quarter-degree reduced the CIs to up to 32% and the actual errors to up to 11% for all non-Brazilian countries.
At the sub-national level, the quarter-degree, 10 km scheme produced sampling errors from less than 1 to 21% among states in Brazil. Among the mostly smaller states outside of Brazil, the same scheme produced actual sampling errors from one to over 200%. At the sub-continental level, the CI was 24% and the actual error was 10% for the 1
• , 10 km scheme applied to the Brazilian Amazon (figure 3). However, when this scheme was applied to the aggregated non-Brazilian countries, the CI was 37% while the actual error was 1%. For the entire study area, representing the continental level, the CI was 21% and the actual error was 8%.
Discussion
The lower sampling errors found for schemes with larger sample sizes are as expected from sampling theory. Thus, a scheme with a large number of 10 km samples generally has a lower error than that for one with a smaller number of 50 km samples, despite their similar sampling rates. However, depending on the method of satellite image analysis, it may be just as practical to estimate change for a large sample unit as for a smaller sample unit. In any case, we focus the rest of the discussion on the schemes using 10 km samples. The 95% CIs were generally larger than the actual errors. This is also likely because these estimates of confidence intervals assume a random sample rather than a systematic one, and this tends to cause an over-estimate of sampling errors. This implies that the 95% CI provides a conservative estimate of the expected actual errors in deforestation rates when based on systematic samples. At the national level, the 1
• , 10 km scheme produced CIs of over 58% for all countries except Brazil and over 120% for Ecuador. However, the actual errors for this scheme were roughly half of the CIs. The CIs for the quarter-degree, 10 km scheme were between 17 and 32%. However, the actual errors for this scheme were 11% or less. Errors at the sub-national level were so high, often over 100%, that none of the sampling schemes tested can be recommended for reporting at this level.
At the sub-continental and continental levels, CIs for the 1
• , 10 km scheme were from 21 to 37%, yet the actual errors were less than or equal to 10%. The quarter-degree, 10 km scheme had CIs of up to 11% at the sub-continental level and 5% at the continental level.
The range of CIs for the half-degree, 10 km scheme at the continental and sub-continental levels agree with the 24% sampling error reported in Duveiller et al (2008) for a similar scheme applied to Central Africa. However, the actual errors were lower. This may be because of the larger study areas, larger sample sizes or greater deforestation rates in the Amazon, or a combination of these.
These results indicate that the proposed sampling scheme for the FRA 2010 should produce continental-level estimates of deforestation rates with 95% CIs of up to 21%, yet actual sampling errors should be less than 10%. However, this scheme will yield high sampling errors at the national level for almost all countries. Table 1 provides a summary of expected sampling errors for a range of systematic sampling approaches, based on the results of this study. For example, for mediumsized countries such as Bolivia and Peru, a quarter-degree, 10 km scheme can be expected to yield a 95% CI of up to 25%, yet the actual error may be less than 10%. For smaller countries even this sampling density is not sufficient to produce CIs of less than 25%, yet the actual errors may be less than 15%.
Other sampling approaches can be explored for smaller countries. For example, smaller sample units or even points could be used to increase the sample size. However, the time required to analyze a large number of small samples may approach that required for comprehensive mapping. Another approach is stratified sampling. The main difficulty in this approach has been an objective definition of strata to enable extrapolation of rates over each stratum. Hansen et al (2008) provide an example using multiple sources of satellite data that can be an efficient approach to yearly estimates at the continental or finer levels.
With any scheme, one must also consider the potential difference in classification accuracy that may be associated with varying sampling rates and sizes, especially for less automated methods of satellite image analysis. Various studies of deforestation at the national level cite error rates of 10% or lower for forest cover (e.g. Harper et al 2007 , Killeen et al 2007 , Huang et al 2009 . For countries required to report national rates of deforestation and associated impacts, Table 1 . Expected sampling rates required to achieve expected error levels: (a) 95% confidence intervals and (b) actual errors below a defined maximum level. These errors assume a systematic sample with sample units of 100 km 2 (e.g. 10 km wide squares). Study area is the extent of forest area being monitored for change. The 100 000-300 000 km 2 case is derived from Ecuador and Venezuela, the 300 000-1000, 000 km 2 case is derived from Bolivia, Colombia and Peru, the 1000 000-3000 000 km 2 case is derived from the Brazilian Amazon and the aggregated non-Brazilian countries, and the 3000 000-5000 000 km 2 case is derived from the entire study area. Confidence intervals are calculated from the sample statistics, and actual errors are calculated as the difference between the rate estimated from the sample and that estimated from the full-coverage map.
Study area (×1000 km 2 ) 25% 15% 10%
(a) Maximum 95% CI 100-300 <0.25 we recommend comprehensive monitoring on a regular basis, such as every 5 years. This is because most countries would require very large samples in order to have low sampling errors. Also, in most applications countries require estimates of rates of deforestation for sub-national strata, such as forest types with significantly different levels of biomass when reporting to the UN FCCC. Comprehensive monitoring also enables many more uses of the data, such as assessments of threats to biodiversity and modeling future patterns of change, that are all valuable to national-level land-use planning. Sampling is an important tool that can complement comprehensive mapping and reduce the cost of more-frequent monitoring of the total rate of deforestation over large countries or regions.
